Abstract-What are the processes that shape patterns of genome-wide variation 25 between emerging species? This question is central to our understanding of the origins of 26 biodiversity and the fundamental principles governing molecular evolution. It is now 27 clear that indirect selection on linked neutral variation (hereafter 'linked selection') plays 28 an important role in shaping heterogeneous patterns of genome-wide diversity and 29 differentiation within and between species. However, we do not know how these 30 characteristic signatures of linked selection evolve over time. To fill this critical 31 knowledge gap, we construct the first chromosome-level genome assembly for the bush 32 monkeyflower, and use it to show that linked selection has been a primary architect of 33 heterogeneous patterns of lineage sorting, differentiation, and nucleotide diversity across 34 a recent radiation. By taking advantage of the range of divergence times between the 35 different pairs of monkeyflower taxa, we also show how the signatures of linked selection 36 evolve as populations diverge: linked selection occurring within lineages acts to conserve 37 an ancestral pattern of diversity after a population split, while its joint action in separate 38 lineages causes a common differentiation landscape to emerge between them. Together, 39
our study demonstrates linked selection's power to shape patterns of genome-wide 40 variation within and between taxa, and provides critical insight into how genome-wide 41 variation evolves during the first 1.5 million years of divergence. 42 43 44
Introduction 57
Since the first discoveries of abundant genetic variation in nature, evolutionary 58
geneticists have sought to understand the processes that shape patterns of polymorphism 59
and divergence within and between species ( their own right into the ongoing evolutionary forces shaping our own genomes. 71
Heterogeneous genomic landscapes are increasingly understood to be formed due 72
to selection on linked neutral variation (Charlesworth and Charlesworth 2018 Gillespie 2000) . 85
Compared to patterns of within-species diversity, we know relatively little about 86
how linked selection shapes patterns of genome-wide variation between emerging species 87 (Burri 2017a, b) . Although rates of differentiation and lineage sorting should be 88 accelerated in regions of the genome that that have experienced long-term reductions in 89 diversity (Charlesworth 1998 ; Cutter and Payseur 2013; Pease and Hahn 2013), we do 90 the assembled genome onto 10 linkage groups, which is the number of chromosomes 137 inferred from karyotypic analyses in all subspecies of M. aurantiacus and M. clevelandii 138 (Vickery 1995) . Analysis of assembly completeness based on conserved gene space 139 revealed that 93% of 1400 universal single copy orthologous genes 140
were completely assembled (Table S2 ). Subsequent annotation yielded 23,018 predicted 141 genes. 142 143 144 145 SNPs and is rooted using M. clevelandii. The 387 gray trees were constructed from 500 kb 148 genomic windows. The first number associated with each node or taxon is the bootstrap support 149 for that clade in the whole genome tree, and the second number is the percentage of window-150 based trees in which that clade is present. B) Levels of differentiation (F ST ), C) divergence (d xy ), 151 and D) diversity (π) within and among taxa based on the same 500 kb windows. For simplicity,
152
F ST and d xy are shown only for comparisons with the red ecotype of subspecies puniceus.
154
Variation in the extent of lineage sorting across the genome 155
As a first step toward understanding the processes that have shaped patterns of 156 genome-wide variation during this radiation, we inferred phylogenetic relationships 157 among its taxa. Rapid diversification is a hallmark of radiations and can result in 158 extensive phylogenetic discordance between genomic regions due to incomplete lineage 159 sorting (ILS) (Tajima 1983; Hudson 1990; Maddison 1997; Pease et al. 2016 ). To do this, 160
we sequenced 37 whole genomes from the seven subspecies and two ecotypes of 161
Mimulus aurantiacus (n = 4-5 per taxon) and its sister species M. clevelandii (n = 3) ( Fig.  162 S2; Table S3 ). Close sequence similarity allowed us to align reads from all samples to the 163 reference assembly with high confidence (average 91.7% reads aligned; Table S3 ). After 164 mapping, we identified 13.2 million variable sites that were used in subsequent analyses 165
(average sequencing depth of 21x per individual, The tree topology obtained from the whole genome (concatenated) dataset ( Fig. 1 ) 170
confirmed the same phylogenetic relationships as previous analyses based on reduced-171 representation sequencing and five methods of phylogenetic reconstruction (Stankowski 172 and Streisfeld 2015; Chase et al. 2017), and were supported by patterns of clustering from 173 principal components analysis ( Fig. S3 ). All seven subspecies formed monophyletic 174 groups with 100% bootstrap support. Relationships within subspecies puniceus were 175 more complex, as the red ecotype formed a monophyletic sub-clade within the 176 paraphyletic yellow ecotype, reflecting the recent origin of red flowers from a yellow-177 flowered ancestor .
178
Although the whole genome phylogeny provides a well-supported summary of the 179 relationships among the taxa, window-based analyses revealed extensive phylogenetic 180 discordance at a finer genomic scale ( Fig 1A) . demography should be distributed uniformly across the genome (Hudson 1990 ). To test 200 this prediction, we computed the correlation between the distance matrix generated from 201 each window-based tree and the whole-genome tree, with a stronger relationship 202 indicating that they are more similar (i.e., less ILS). Plotting this tree concordance score 203 across the 10 linkage groups revealed a striking pattern ( Fig. 2A ; Fig. S5 for plots along 204 each chromosome and S6 for results for 100 kb windows). Rather than being randomly 205 distributed, trees with low concordance scores tended to cluster together in relatively 206 narrow regions of all 10 chromosomes ( Fig. 2A ; autocorrelation analysis permutation 207 tests p = 0.023 -0.001; Fig. S7 ). This non-random pattern suggests that local rates of 208 lineage sorting are determined by differences in the nature and/or strength of selection 209
acting across the bush monkeyflower genome. 210 211 212 213 
221
Patterns of genome-wide variation and lineage sorting have been shaped by recurrent 222 linked selection 223
To gain deeper insight into the evolutionary processes that have shaped patterns 224 of genome-wide variation, we used summary statistics in 500 kb windows to quantify 225 patterns of differentiation (F ST ), divergence (d xy ), and diversity (π) among and within 226 these taxa. The variation in F ST among all 36 pairs of taxa highlights the continuous 227 nature of differentiation across the group ( Fig. 1B; Fig. S8 ), with mean window-based 228 estimates ranging from 0.06 (red vs. yellow ecotypes of puniceus) to more than 0.70.
229
Distributions of absolute divergence (d xy ) show a similar pattern (Fig. 1C) , with mean 230 values ranging from 0.54% (red vs. yellow ecotypes) to 1.6% (yellow ecotype vs. M. 231 clevelandii). More strikingly, window-based estimates differ substantially among 232 genomic regions, revealing heterogeneity in levels of differentiation and divergence. In 233 addition, nucleotide diversity (π; Fig. 1D ) ranged from 0.09% to 1.26% across genomic 234
windows, but mean estimates were very similar among the ingroup taxa (0.37% to 235 0.53%) and were only slightly lower in M. clevelandii (0.26%).
236
As with tree concordance, these summary statistics showed non-random patterns 
explained 65.9% of the variation across the 36 comparisons. Further, all comparisons 243 loaded positively onto PC1, indicating that peaks and troughs of F ST tended to occur in 244 the same genomic regions in all comparisons ( Fig. 2B , Table S4 ). Similarly, patterns of 245 genome-wide divergence (d xy ) and diversity (π) were highly correlated across 246 comparisons, with PC1 explaining 69.5% and 84.7% of the variation among the window-247 based estimates, respectively ( Fig 2C-D , Table S4 ).
248
Observing similar differentiation, diversity, and divergence 'landscapes' among 249 these taxa suggests that a common mechanism has been responsible for shaping patterns 250 of genome-wide variation across the radiation. Recent studies have observed correlated 251 genomic landscapes among related taxa, concluding that they were generated by a shared To test these predictions, we used our annotated genome and genetic map to 293 calculate the number of protein coding genes and the average recombination rate 294
(cM/Mbp) in each 500 kb window ( Fig. 2E -F; Fig. S5 ; Fig. S6 ). There was a strong 295 negative correlation between gene count and recombination rate (r = -0.40), leading to 296 large variation in the predicted strength of linked selection across the genome. In 297 addition, we observed strong correlations between PC1 π and both gene count (r = -0.84) 298
and recombination rate (r = 0.44; Fig. 3 ; Figs. S9 & S10), both of which indicate that 299 variation in the intensity of linked selection has shaped common patterns of diversity 300 across the genome. 301
Despite only having a direct estimate of gene density and recombination rate 302 variation from one subspecies (puniceus), the presence of a common diversity landscape 303
implies that the genomic distribution of these features has been conserved in all taxa after 304 being inherited from their common ancestor. This scenario is consistent with the recent 305
shared history of the group, and explains how a common pattern of heterogeneous linked 306 selection has become shared among them. 307 308
The signature of linked selection becomes stronger with increasing divergence time 309
Our analyses indicate that linked selection has shaped common patterns of 310 diversity and differentiation across this radiation. By using the different levels of 311 divergence between pairs of taxa, we next examined how these signatures evolved 312 through time. When a population fist splits, levels of diversity (π) and divergence (d xy ) 313
are equal, so F ST will be zero across the genome ( Fig. S11 for cartoon explanation 314 assuming a simple model of allopatric divergence, no spatial structure, and large N e ). As 315 divergence proceeds, differentiation increases, but due to variation in the intensity of 316 linked selection across the genome, certain regions become differentiated before others. 317
During the early stages of divergence, lineage specific linked selection has impacted only 318 a small fraction of the genome, so patterns of differentiation should weakly mirror the 319 footprint of historical linked selection. However, as the divergence time increases, the 320 cumulative effects of recurrent linked selection should strengthen the relationships 321
between F ST and π, gene density, and recombination rate. In contrast, the strength of the 322 correlations between π and gene density and recombination rate should remain similar 323 over time, because the shape of the diversity landscape is preserved by recurrent linked 324 selection despite new mutations arising in each lineage.
325
To test these predictions, we determined if the strength of the relationship 326 between the different statistics varied with the level of divergence between taxa. As 327 expected for a pair of taxa that recently split, the correlation between π and d xy is almost 328 perfect between the least divergent pairs of taxa (r ~ 1), but the correlation decays over 329 time as ancestral variants fix and new mutations increase d xy (Fig. 4A ). Remarkably, 330
however, the strong correlations between π and gene density (r ~ 0.8) and π and 331 recombination rate (r ~ 0.4) barely change with increasing divergence time, as expected if 332
linked selection continues to act on the same regions in each taxon ( 
347
In addition to showing that the footprint of linked selection is dynamic, the 348 sequence of divergence times provides empirical insight into when linked selection 349 begins to shape patterns of differentiation, and how long it takes for this signature to theoretical studies indicating that linked selection can shape patterns of differentiation 358 between spatially subdivided populations without a complete barrier to migration 359 (Charlesworth et al. 1997) . In contrast to these early time points, where the relationships 360 between π and F ST are moderate ( Fig. 5; Fig. S12 ), the diversity and differentiation 361
landscapes almost perfectly mirror one another in the most divergent comparisons (r = -362 0.94; (Fig. 5; Fig. S12 ). The build-up of this striking correlation in only 1.5 million years 363
is a testament to linked selection's power to shape genome-wide patterns of variation, 364
both within and between taxa. Facilitated by the first chromosome-level genome assembly for the bush 377 monkeyflower, we show that linked selection has been a primary architect of the common 378 patterns of diversity, differentiation, and lineage sorting across this recent radiation. 379
Variation in the intensity of linked selection across the genome is conserved among these 380 taxa and is determined by the distribution of functional elements and variation in the local 381 recombination rate. By taking advantage of the range of divergence times between the 382 different pairs of monkeyflower taxa, we have shown how the signatures of linked 383 selection evolve as populations diverge: linked selection occurring within lineages acts to 384
preserve an ancestral pattern of diversity after a population split, while its joint action in 385 separate lineages causes a common differentiation landscape to emerge between them. 386
In addition to providing a dynamic picture of how the genomic landscape has 387 evolved over the first 1.5 millions years of divergence, our study has important 388 implications for the fields of molecular evolution and speciation. of the genome underlying reproductive isolation between even the youngest incipient 398 species (Ravinet et al. 2017 ). However, the common pattern of differentiation provides a 399 baseline for identifying highly differentiated regions that are unique to a given speciation 400 event. Thus, characterizing the signatures of linked selection appears to be a necessary 401 step in obtaining a comprehensive understanding of the processes that shaped patterns of 402 genome-wide variation between populations and species. 403 404
Materials and Methods

405
Genome assembly, high-density linkage map, and annotation 406
We used a combination of short-read Illumina and long-read Single Molecule, 407
Real Time (SMRT) sequencing to assemble the genome of a single individual from the 408 red ecotype of M. aurantiacus subspecies puniceus (Table S2 for sample collection 409 location). To assemble resulting scaffolds into pseudomolecules, we generated a high-410
density linkage map from an outbred F 2 mapping population ( Phylogenetic Analyses 425
We used RAxML v8 to construct genome-wide phylogenies from a concatenated 426 alignment of all variable sites and from genomic windows. We tested for a relationship 427
between node concordance (the number of 500 kb window-based trees that recovered a 428
given node from the genome-wide tree) and internode length using the internode 429 distances from the genome-wide analysis. Tree concordance scores were generated from 430 the correlation between the distance matrix from each window-based tree and the whole-431 genome tree. Autocorrelation coefficients for tree concordance scores were calculated in 432 R using custom scripts, and their significance was tested from 1000 random permutations 433 of the genome-wide data. See supplementary methods for more details. 434 435
Population genomic analyses 436
Estimates of nucleotide diversity (π), differentiation (F ST ), and divergence (d XY ) 437
for 100 kb and 500 kb windows were calculated using Python scripts downloaded from 438 https://github.com/simonhmartin/genomics_general. Principal components analysis was 439 used to summarize patterns of variation in these statistics across all taxa (for π) and taxon 440
comparisons (for F ST and d XY ). Average recombination rate (cM/Mbp) for each window 441
was estimated as the average value across three or more adjacent pairs of mapped 442 markers in each genomic window. Gene density was estimated as the number of 443 predicted genes in each window. We used linear regression to test if the strength of the 444 correlations between different statistics changed with the level of divergence using a set 445 of eight statistically independent contrasts 
Supplementary Materials and Methods
Genome Assembly
We used a combination of short-read Illumina and long-read Single Molecule, Real Time (SMRT) sequencing to assemble the genome of a single individual from the red ecotype of M. aurantiacus subspecies puniceus (population UCSD; Table S1 ). Genomic DNA was isolated from leaf tissue using either ZR plant/seed DNA miniprep kits (Zymo Research) or GeneJet Plant Genomic DNA purification kits (Thermo Fisher). Illumina libraries were generated following the Allpaths-LG assembly pipeline (Gnerre et al. 2011 ), which included a single fragment library with average 180 bp insert size and three mate pair libraries (average insert sizes: 3.5-5 kb, 5-7 kb, and 7-13 kb). Libraries were sequenced on the Illumina HiSeq 2500 using paired-end 100 bp reads. An initial scaffoldlevel assembly was performed with Allpaths-LG using default parameters and the haploidify function enabled. This assembly yielded 11,123 contigs (N50 = 40.5 kb) and 2,299 scaffolds (N50 = 1,310 kb), for a total assembly size of 193.3 Mbp. Long-read sequencing was performed from the same individual using 12 SMRT cells sequenced on the Pacific Biosystems RS II machine at Duke University. We obtained a total of 6.4 Gbp of sequence, which corresponds to ~21 × coverage of the genome. The PacBio reads were used to re-scaffold the Allpaths-LG scaffolds using Opera-LG (Gao et al. 2016 ). This reduced the number of scaffolds to 1,547 (N50 = 1,578 kb).
We then manually improved the scaffold containing the flower color gene MaMyb2 ). We first aligned this scaffold to a previously published draft sequence assembly from this same individual ), which was generated using Illumina short-reads and the Velvet assembler (Zerbino and Birney 2008). We used long range PCR and cloning to generate Sanger sequences across three regions within 20 kb of MaMyb2 that did not assemble well. Genomic DNA was amplified using Phusion high fidelity polymerase (NEB). PCR products were cloned into the pCR2.1 TOPO-TA vector (Life Technologies), and purified plasmids were sequenced with Sanger technology. Resulting sequences were aligned to the scaffold containing MaMyb2, and new PCR primers were designed to sequence internal fragments until the entire insert was sequenced. Using this approach, we sequenced a total of 9,824 bp across the three regions. The reference sequence in the assembly was corrected manually to match the Sanger data.
Finally, we gap filled the assembly using the PacBio data and the program PBJelly (English et al. 2012 ). Resulting scaffolds were assembled into pseudomolecules using Chromonomer (http://catchenlab.life.illinois.edu/chromonomer/), according to the online manual. This software anchored and oriented scaffolds based on the order of markers in a high-density linkage map (see below) and made corrections to scaffolds when differences occurred between the genetic and physical positions of markers in the map. A final round of gap filling with PBJelly was performed to fill any gaps that were created by broken scaffolds in Chromonomer. To assess the completeness of the gene space in the assembly, we used both the BUSCO and CEGMA pipelines to estimate the proportion of 956 single copy plant genes (BUSCO) or 248 core eukaryotic genes (CEGMA) that were completely or partially assembled (Parra et al. 2007 ; ). The proportion of these genes present in an assembly has been shown to be correlated with the total proportion of assembled gene space, and thus serves as a good predictor of assembly completeness.
Construction of high-density linkage map
We generated an outbred F 2 mapping population by crossing two F 1 individuals, each the product of crosses between different greenhouse-raised red and yellow ecotype plants collected from one red ecotype and one yellow ecotype population (populations UCSD and LO, respectively; Table S1 ). We then used restriction-site associated DNA sequencing (RADseq) to genotype F 1 and F 2 individuals. DNA was extracted from leaf material using Zymo ZR plant/seed DNA miniprep kits, and RAD library preparation followed the protocol outlined in Sobel and Streisfeld . Libraries were sequenced on the Illumina HiSeq 2000 platform using single-end 100 bp reads at the Genomics Core Facility, University of Oregon.
Reads were filtered based on quality, and errors in the barcode sequence or RAD site were corrected using the process_radtags script in Stacks v. 1.35 (Catchen et al. 2011; Catchen et al. 2013 ). Loci were created using the denovo_map.pl function of Stacks, with three identical raw reads required to create a stack, two mismatches allowed between loci for an individual, and two mismatches allowed when processing the catalog. Single nucleotide polymorphisms (SNPs) were determined and genotypes called using a maximum-likelihood (ML) statistical model implemented in Stacks and a stringent χ 2 significance level of 0.01 to distinguish between heterozygotes and homozygotes. We then used the genotypes program implemented in Stacks to identify a set of 9,029 mappable markers. We specified a 'CP' cross design (F 1 individuals coded as the parents), requiring that a marker was present in at least 85% of progeny at a minimum depth of 12 reads per individual, and we allowed automated corrections to be made to the data.
Linkage map construction was performed using Lep-MAP2 ). The data were filtered using the Filtering module to include only individuals with less than 15% missing data and excluded markers that showed evidence for extreme segregation distortion (χ 2 test, P < 0.01). To assign markers to linkage groups, we used the SeparateChromosomes module with a logarithm of odds (LOD) score limit of 20 and no minimum size for linkage groups (LG). This assigned 7,217 markers to 10 linkage groups, which matches the number of chromosomes in M. aurantiacus. The JoinSingles module was executed again with a LOD limit of 10 to join an additional 877 ungrouped markers to the 10 previously formed LGs. Fifty-seven singles that were not joined at this stage were discarded from the dataset. Initial marker orders were determined using sexaveraged and sex-specific recombination rates using the OrderMarkers module. For each LG, we conducted 10 independent runs using the Kosambi mapping function (useKosambi=1), with the dataset split into seven pseudofamilies to take advantage of parallel processing. When multiple markers had identical genotypes, only the duplicate marker with the least missing data was used in marker ordering. We retained the marker order from the run with the best likelihood. After removing markers with an error rate > 0.05, the ML order was re-evaluated using the evaluateOrder flag. The map contained 8,094 informative loci from 269 F2 individuals, with an average of 3.5% ± SD 3.86 missing data per individual.
After the integration of our assembly and genetic map using the Chromonomer software (Amores et al. 2014), we made corrections to the map order based on the physical position of markers within assembled scaffolds. Using the output of Chromonomer, we identified markers that were out of order in the map compared to their local assembly order and aligned these markers to the assembly from Chromonomer using Bowtie2 v. 2.2.5 (Langmead and Salzberg 2012) with the very_sensitive settings to obtain their physical order. We then re-estimated the map using the evaluateOrder flag in Lep-MAP2 as described above, but with the marker order constrained to the physical order (improveOrder=0) and with all duplicate markers included in the analysis (removeDuplicates=0). After initial map construction, we removed 17 markers with an estimated error rate greater than 5% and estimated the map one last time using the same settings. The final map contained 7,589 markers across the 10 linkage groups.
Genome annotation
Prior to genome annotation, the assembly was soft-masked for repetitive elements and areas of low complexity with RepeatMasker (RepeatMasker Open-4.0) using a custom . We filtered the annotations with MAKER to include: 1) only evidence-based information that also contained assembled protein support, and 2) those ab initio gene predictions that did not overlap with the evidence-based annotations and that contained protein family domains, as detected with InterProScan (Quevillon et al. 2005) .
Genome re-sequencing and variant calling
We collected leaf tissue from four to five individuals from seven subspecies of M. aurantiacus, including both ecotypes of subspecies puniceus (Table S3 ; Fig. S2 ). In addition, we collected leaf tissue from three individuals of M. clevelandii. We extracted DNA from dried tissue using the Zymo Plant/Seed MiniPrep DNA kit following the manufacturer's instructions. We prepared sequencing libraries using the Kapa Biosystems HyperPrep kit, and libraries with an insert size between 400-600 bp were sequenced on the Illumina HiSeq 4000 using paired-end 150 bp reads at the Genomics Core Facility, University of Oregon.
We filtered raw reads using the process_shortreads script in Stacks v1.46 to remove reads with uncalled bases or poor quality scores. We then aligned the retained reads to the reference assembly using the BWA-MEM algorithm in BWA v0.7.15 (Li 2013 ). An average of 91.7% of reads aligned (range: 82.6-96.0%), and the average sequencing depth was 21x (range: 15.16 -30.86x). We then marked PCR duplicates using Picard (http://broadinstitute.github.io/picard). We performed an initial run of variant calling using the UnifiedGenotyper tool in GATK v3.8 (McKenna et al. 2010 ) and filtered the data to remove variants with a mapping quality < 50, a quality depth < 4, and a Fisher Strand score > 50. We then used these variants to perform base quality score recalibration for each individual, before performing another run of the UnifiedGenotyper to call final variants. After the second run of variant calling, we removed variants with a mapping quality < 40, a quality depth < 2, and a Fisher Strand score > 60. The final dataset contained 13,233,829 SNPs across the nine taxa. Finally, we ran UnifiedGenotyper with the EMIT_ALL_SITES option to output all variant and invariant genotyped sites.
Phylogenetic analyses
Initially, we used RAxML v8 to reconstruct the evolutionary relationships among the nine taxa by concatenating variant sites from across the genome. To investigate patterns of phylogenetic discordance across the genome, we also built trees from windows across the genome. We phased SNPs using BEAGLE v4.1 (Browning and Browning 2007) , using a window size of 100 kb and an overlap of 10 kb. We incorporated information on recombination rate from the genetic map and did not impute missing genotypes. After phasing, we used MVFtools (https://www.github.com/jbpease/mvftools) to run RAxML from 100 kb and 500 kb nonoverlapping windows, with the M. clevelandii samples set as the outgroups. We then visualized the window trees in DensiTree v2.01 (Bouckaert 2010) .
To assess concordance between the window-based trees and the whole-genome tree, we converted trees to distance matrices using the Ape package in R (Paradis et al. 2004 ). We then calculated the Pearson's correlation coefficient between the distance matrix from each window and the whole-genome tree, with a stronger correlation indicating higher concordance with the whole-genome tree. We used one-dimensional autocorrelation analysis to determine if variation in tree concordance was randomly distributed across the genome. This involved estimating the autocorrelation between genomic position and tree concordance for each LG with a lag size of 2 Mbp. The significance of the observed value for each LG was determined from a null distribution of autocorrelation coefficients estimated from 1000 random permutations of the genomewide data.
We also conducted a Principal Components Analysis (PCA) based on all variant sites from across the entire genome using Plink v. 1.90 (Chang et al. 2015) . Initially, we ran the PCA with all 37 samples, but we consecutively re-ran the analysis by removing different taxa in order to assess clustering patterns among more closely related samples.
Population genomic analyses
To examine how genome-wide patterns of diversity, differentiation, and divergence varied among taxa, we calculated within-taxon nucleotide diversity (π), between-taxon relative differentiation (F ST ), and between-taxon absolute divergence (d xy ) across nonoverlapping 100 kb and 500 kb windows using custom Python scripts downloaded from https://github.com/simonhmartin/genomics_general. We calculated measures of differentiation and divergence across all 36 pairwise comparisons among the nine taxa, and diversity was estimated separately for each taxon. These scripts estimated π and d xy by dividing the number of sequence differences within a window (either within or between taxa) by the total number of sites in that window. To account for missing data, the script counted the number of differences between each sample, divided by the total number of variant sites that were genotyped within those samples, and then averaged across all pairs of samples. To provide an unbiased estimate of diversity and divergence, we incorporated invariant sites into the calculation by dividing the number of pairwise differences (within and between taxa, respectively) by the total number of genotyped sites (variant and invariant) within a window. F ST was calculated following the measure of K ST (Hudson et al. 1992 ), equation 9), but was modified to incorporate missing data using the same approach as π and d xy . We filtered the data separately for each taxonomic comparison, so that each site was required to be genotyped in at least three individuals for comparisons within the M. aurantiacus complex or at least two individuals for each comparison involving M. clevelandii.
We summarized the variation in each statistic across comparisons using a Principal Components Analysis (PCA), with taxon or taxon pair as the variables. Thus, across each window, the first principal component of π, F ST , and d xy provided multivariate measures that explained the greatest covariance in the data. We used a one-dimensional autocorrelation analysis and permutation test to determine if the genome-wide patterns of PC1 π, F ST , and d xy departed from a random expectation, as described above for tree concordance (see section 'phylogenetic analyses').
To examine the relationships among PC1 diversity, differentiation, and divergence, we estimated Pearson's correlation coefficient among all three statistics across genomic windows. Further, we estimated correlations among these three statistics and tree concordance, gene density, and recombination rate. Recombination rate was estimated by comparing the genetic and physical distance (in cM/Mbp) between all pairs of adjacent markers on each LG from the genetic linkage map described above. We removed the top 5% of recombination rates, as these represented unrealistically high values of recombination. A minimum of three estimates was required to obtain an average recombination rate estimate within each window. Gene density was calculated from the number of predicted genes in each window, as determined from the annotation described above.
To determine how the correlations among the statistics (diversity, differentiation, divergence, recombination rate, gene count) changed with increasing divergence time, we examined the correlation coefficient among all pairs of statistics individually for each of the 36 pairwise comparisons. Because diversity was measured within taxa rather than between them, we calculated the mean value of π between each pair of taxa. Also, because many of the pairwise comparisons are non-independent, we applied the phylogenetic correction outlined by ) to produce a statistically independent set of data points for this analysis.
As a measure of the divergence time between M. clevelandii and M. aurantiacus, we estimated the percent sequence divergence (d xy ) between individuals of M. clevelandii and all subspecies of M. aurantiacus combined. We then converted this value into a divergence time T (in generations) using the equation: T = d xy /(2µ), where µ is the mutation rate, 1.5 x 10 -8 (Koch et al. 2001; Brandvain et al. 2014 ). This value was then converted into years by multiplying by a generation time of two years. Table S1 . Summary of the genetic linkage map constructed using an F2 intercross between the red and yellow ecotypes of subspecies puniceus. The table includes map length in cM for each linkage group (LG), the number of markers associated with each LG, the number of unique map positions, and the average genetic distance in cM between each unique map position. Standard deviations are given in parentheses.
LG Map length (cM) Figure S3 . Genome-wide Principal Components Analysis (PCA). Each plot is a separate PCA performed using different sets of taxa. The legend to the right describes the set of taxa included in each analysis, with the capital letter in parentheses and the color representing the specific taxon. A) All taxa; B) all subspecies of M. aurantiacus, but excluding M. clevelandii; C) only subspecies aurantiacus, longiflorus, calycinus, and the red and yellow ecotypes of subspecies puniceus. The percent variation explained by each principal component is given in parentheses. Figure S4 . Incomplete lineage sorting due to rapid diversification. Clades separated by shorter internodes (i.e., separated by less time) are recovered less frequently in window-based trees (500 kb windows). This indicates a strong role for incomplete lineage sorting in areas of the tree where diversification is rapid. The % node concordance is the percentage of window-based of trees that contain a given node in the genome-wide tree, and is plotted against the length of the internode separating each clade. Only clades at and above the level of taxon were included. The red points are the predicted values from a 4-parameter logistic function fitted to the data using an iterative least-squares method. LG1
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Correlation coefficient Tree concordance, LG1 Figure S9 . Bivariate plots among measures of variation and genomic features across 500 kb genomic windows. Note that this is the same as Figure 3 but with axes units. Also note that the axes are different across rows and columns of the matrix. Figure S11 . A cartoon depicting the gradual build-up of a heterogeneous differentiation landscape by lineage-specific LS. A) When a population first splits (allopatric divergence with large population sizes), patterns of genome-wide diversity (π pops A and B) are identical due to the complete sharing of ancestral variation among them. Thus, there is no pattern of heterogeneous differentiation between them. B) As time passes, LS begins to act separately within each lineage (LS events are indicated by arrows across the chromosome). This functions to maintain the diversity landscape in the face of new neutral mutations (affected areas in each lineage are shown in color) and also causes ancestral variants to be fixed among them. The result is an increase in F ST in affected areas. C) Long after the split, many LS events have occurred in each lineage. Because the heterogeneous patterns of LS have been conserved since prior to the common ancestor of these taxa (redder areas of the chromosome experience a higher rate of LS), the affected areas are similar between the lineages. As a result, the diversity and differentiation landscapes come to perfectly mirror one another. Static, yet ever-changing.
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